Neurological disorders, in particular Stroke, have a substantial impact on a great number of individuals worldwide. These individuals are often left with residual motor control in their upper limbs. Although conventional therapy can aid in restoring some of the lost movement, it is not always accessible, and the procedures are dull and unappealing for the patient. Novel methods of therapy are being developed, including Brain-Computer Interfaces (BCIs).
INTRODUCTION
Stroke is the second largest cause of death in the world and is also one of the leading causes of disability in adults. In the United States approximately 795,000 people are affected every year [1] . One of the most common non-hemorrhagic stroke is the middle cerebral artery stroke, which mainly affects the upper limb [2] .
The therapy for upper limb disabilities varies depending on severity. If patients have a high enough degree of residual control, then techniques like shaping and constraint-induced movement therapy (CIMT) are applied. Patients that have weaker hand movement and control often use commercially available forearmhand orthotic devices with electric stimulation [3] .
Ongoing research focuses on the use of mechanical devices in combination with other rehabilitative therapies such as noninvasive brain stimulation to achieve a higher efficacy in rehabilitation of patients after stroke [1] . Among these, BrainComputer Interfaces are also being explored as a mean of neurorehabilitation [4] , showing potential to revolutionize how neurological diseases, mainly stroke, are treated in the future.
Brain-Computer interfaces (BCIs) are systems that enable brain activity to manipulate external devices. One type of BCI is the noninvasive BCI, which acquires brain signals from scalp Electroencephalography (EEG), for example [5] . EEG is a technique in which electrical potentials produced in the brain are recorded with high temporal resolution. The EEG is able to record rhythmic electrical activity from the human scalp. There are particular ranges of frequencies that are associated with sensory motor actions namely the Mu (8Hz-12Hz) and Beta (15Hz-30Hz) rhythms. The planning and execution of hand movement can be observed within these frequencies in the form of Event-Related Desynchronization/ Event-Related Synchronization (ERD/ERS) signals [6] . These consist of a difference in power in the Mu and Beta frequencies. Although these phenomena can be difficult to observe in EEG, due to the abundance of unwanted artefacts, advances in equipment and signal processing algorithms have made it extremely convenient to use ERD/ERS of Mu and Beta rhythms to develop BCIs controlled by motor actions, including motor imagery i.e. imagination of the movement of a limb.
To further validate the use of BCI in neurorehabilitation, studies have shown that motor imagery activates sensorimotor regions similarly to actual task performance, and repeated practice of motor imagery can induce plasticity changes in the brain [7] . This may be the key to a new rehabilitation methodology that aims at restoring lost function in a limb due to neurological disorders, such as Stroke.
There are, however, several factors that hinder the usage of BCI systems in clinical settings. Most non-invasive BCIs acquire EEG data from electrode caps with multiple wires, which are unattractive and uncomfortable. They also come with extra hardware for signal amplification, and take too much time to set up. Although these systems provide high resolution, they are often expensive, and end up disregarded as a rehabilitative solution. The EmotivBCI tackles these drawbacks by designing a highly portable, easy to set up BCI thanks to the Emotiv Epoc headset.
RELATED WORK
The following subsections describe a successful BCI application and the role of Virtual reality in rehabilitation.
Mechanic hand BCI
Fok et al, [8] designed an EEG-based BCI that drives a hand orthotic that opens and closes a patient's hand using ipsilateral activity of the brain. The purpose of the device is to aid in rehabilitation of stroke patients that are left with residual motor function in one hand.
The signals from the scalp were acquired through a portable EEG headset: Emotiv Epoc. After a calibration phase, we were able to determine relevant EEG features to distinguish movement from rest, and reducing the number of electrode channels and frequency bins to undergo further processing. Finally a pre-fabricated orthotic hand was modified to be controlled by the output of the classification algorithms, opening and closing depending on the output signal.
Through 10 sets of trials, consisting of moving a cursor to a target by imagining left hand movement, with healthy individuals, we were able to achieve an 81.3% success rate.
Virtual Reality
Virtual Reality (VR) is a computer interface that allows individuals to interact with a 3D environment by presenting stimulated or artificially generated sensory information [9] . Virtual Reality is an alternate or complementary rehabilitation method to BCI, which also promises to help rehabilitate Stroke patients. It differs from BCI because it doesn't usually take brain signals as an input, but rather movement that is captured through proper motion tracking equipment.
The main focus of VR rehabilitation is to simulate real world tasks into a virtual platform, so that stroke patients with motor impairments can practice such tasks safely and transfer the performance of the virtual task onto the real world.
TECHINAL DETAILS 3.1 Overview
The EmotivBCI is essentially a proof-of-concept of a simple BCI console platform developed in C# programming language. It acquires EEG signals from 8 electrode channels in the central and frontal cortices of the brain according to the 10-20 system (AF3, F7, F3, FC5, FC6, F4, F8, AF4) through the commercially available EEG headset: Emotiv Epoc. The Emotiv Epoc has 14 electrode channels, and a sampling frequency of 128 Hz. It also has built-in filters at 50 and 60Hz. Its wireless connectivity with a 2.4 GHz band makes it extremely portable and simple to use.
The acquired signals are processed and relevant features are extracted to build a classifier based on ERD/ERS due to movement or imagery of upper limbs (left and right hands). It also implements real-time testing with the built-in classifiers.
The EmotivBCI comes with a number of features, some of which will be described in the subsequent sections.
Operation
The way the EmotivBCI works is the following: A user registers and logs in with his credentials. Afterwards he or she can perform a training session.
Training Sessions
The EmotivBCI provides four different training paradigms: Left hand motor action, right hand motor action, left hand motor imagery and right hand motor imagery. All paradigms follow the same procedure: It's a 2-minute long run. Each run has 12 trials, which are 10 seconds long: 5 seconds of rest plus 5 seconds of action. The action is dictated by the chosen training paradigm. The user is prompted to follow the instructions that are displayed on the console.
Signal Processing
Signal processing is carried out with the support of Matlab wrapped functions in a non-parametric fashion. Once acquired, signals from each channel are pre-processed with C# built functions that remove the DC component and normalize the signal. The signal is then ready for feature extraction.
Processing Methods
The EmotivBCI has two different methods of processing the data. The first method uses the entire time interval (5 seconds) of each condition. The second method of processing consists of selecting only the initial number of samples for each condition, in contrast to the whole 5 seconds of method 1.
The number of samples implemented for extraction are: For each number of samples, the feature extraction cascade is the same as method 1.
Feature Extraction
The EmotivBCI extracts the 2 best combinations of channel/frequency that exhibit the greatest ERD over the 12 trials. For each channel the pre-processed EEG signal is segmented into two distinct signals for each condition: Rest and Action. Depending on the processing method the number of samples in the Rest and Action vectors are different.
The signals are then filtered using a 10 th -order double bandpass Chebyshev Type 1 filter in the frequency bands that exhibit ERD: 7Hz to 13Hz (Mu) and 15Hz to 30Hz (Beta).
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Once filtered, the Power spectrum density (PSD) is estimated using the Welch method for each of the conditions in every channel: PSD(rest) and PSD(action).
The difference PSD(rest)-PSD(action) is calculated to predict the channel and frequency that show the greatest difference, hence the greatest ERD.
The two best combinations of channel/frequency are used to build the feature matrix for the classifier. The best channels may be the same. If so it exhibits ERD in two distinct frequencies.
Feature Matrix
The feature matrix is calculated for the best channels, by computing the band power centered in the respective best frequency. The data from each of the 2 best channels is again separated into rest and action conditions, and buffered into frames.
For each frame, the band power centered in the best frequency, with the range of 1 Hz, is computed.
The resulting matrix consists of a set of band power values for the rest state, which corresponds to output -1, and a set of band power values for the action state, which corresponds to output +1.
In the case of the first method of processing, the data after separation is buffered into 128 samples -1 second. Since each trial has 5 seconds of each condition (rest and action), then the resulting feature matrix will have 60 band power values (12 trials x 5 band power values) for each condition, 120 total.
In the case of the second method of processing, the rest and action conditions are separated using the stipulated number of samples, and buffered into the same amount. It will therefore result in less number of inputs. 12 for each condition, and 24 total.
The resulting feature matrix will therefore consist of 2 sets of attributes: band power values for combination of channel/frequency number 1, and band power values for combination of channel/frequency number 2.
Classification
The feature matrix is used to train 4 different classifiers, implemented using the Accord Framework [10] . Accord Framework provides machine-learning libraries available for C#:
The resulting classification accuracy represents the number of correctly classified samples over the total number of samples multiplied by 100%.
End of training session
The processing cascade will result in a large number of classifiers built for each method: 4 for method 1, and 20 (5 sample sizes x 4 classifiers) for method 2. From these 24, only the one that yields the best accuracy is selected to validate the training session and posteriorly to be used for real-time BCI. The relevant features extracted and processing method are registered for that training session based on the classifier as well.
Real-time BCI
EmotivBCI offers the functionality of real-time BCI after a user has performed a training session. The data being acquired is processed every second, by computing the band power value in the channel and frequency extracted from the training session, and classified as rest or action, based on the selected classifier. In case of processing method 2, the data is still processed every second, but it's only selected the number of samples stipulated. At the moment, the EmotivBCI will display a different message based on the action the user is attempting to perform.
Other features
Besides classification of signals and real-time time testing, the EmotivBCI platform offers more features, some of which are worth mentioning:
 Feature map generation: Plot that shows the Power difference in each channel with respect to frequency. The extracted features are based on this feature map.  Channel PSD generation: For any given channel, a FastFourier, Burg PSD estimate, and Welch PSD plots are generated for conditions rest and action. These often show a clear representation of the ERD.  Classifier data plot generation: Generates a scatter plot based on the feature matrix with the 2 classes used for classification.
EVALUATION AND RESULTS
In order to access the current state of the EmotivBCI, 6 healthy subjects, between the ages of 22 to 37, conducted a training session for each of the 4 training paradigms. The respective classification accuracies are presented below: For subject 4 that achieved an 83.3% accuracy in left hand motor classification, the typical Power Spectrum Density plot of the channel that was used for feature extraction is presented: 
DISCUSSION
From the 2 processing methods implemented, all the best classification accuracies resulted from the second one, even though the number of samples varied within subjects and training options. This suggests that ERD is greatest at the start of the action condition. This may be due to the inability of the subjects to maintain a steady state of concentration during rest and action.
EmotivBCI can generate the PSD plot of any channel. This represents the Power characteristics of the rest and action conditions for the entire duration of the training session. Figure 1 shows the PSD plot for one of the subjects that achieved an 83.3% classification accuracy. It can be observed from the plot a clear difference in the Mu frequency band between the rest and action conditions i.e. ERD.
The real-time BCI functionality has not been proven to be coherent as of this moment. The subject that achieved the classification accuracy of 91.6%, in the left motor action training, was able to successfully control the interface almost flawlessly for the first 10 to 15 seconds, becoming less responsive in the following instances.
The EmotivBCI is a work in progress, and several aspects are due to be improved. EEG signals are noisy and complex by nature, due to spontaneous firing of neurons in various directions. Because of this, event-related desynchronization is very subtle to observe, and can sometimes pass unnoticed. Muscular activity or natural reflexes, like blinking can greatly influence the results. Moreover, Event-Related desynchronization detection due to motor imagery depends a great deal on the individual. Fatigue and lack of concentration can significantly affect the results as well.
In order to overcome some of these obstacles, it is prudent to incorporate new training paradigms, in contrast to the 5-secondrest-5-second-action paradigm. These novel paradigms would consist of random cues, so the subject would not know what to expect, and shorter trial time, resulting in more data available to train the classifiers.
Even though the EEG signal is filtered to remove several unwanted artefacts, there are some that are still present, like blinking and other muscular activities. To prevent this it would be ideal to incorporate specific algorithms that recognize such irregularities and remove them.
The approach to signal processing has been mostly non-parametric. It would be interesting to couple this approach with parametric methods. Examining how the signal changes from rest to action in respect to time could provide invaluable information that could be used to help differentiate between the two states.
CONCLUSION
The EmotivBCI is a simple, accessible and yet robust platform for acquisition and processing of EEG data acquired from the Emotiv Epoc. It is now presented as a console application, but it can be the backbone to a more elegant graphic interface with a greater array of features.
Virtual reality and motor imagery show promise of a novel method of rehabilitation. Integrating the EmotivBCI in a virtual reality environment, like a virtual hand that opens and closes can be immensely beneficial. Not only by being more esthetically pleasing to the subjects, but more importantly by providing the visual stimulus that can better emphasize ERD/ERS and thereby improve classifications.
The long-term goal of the EmotivBCI would lie in neurorehabilitation. More specifically, in aiding to restore motor function of patients with neurological disorders such as stroke or ALS, by promoting the development of new cerebral cortex pathways through practice and observation. Ultimately giving autonomy to the patient, and be more engaging than conventional therapy. Unlike the common BCI systems comprised of multiple wires and complicated hardware, the EmotivBCI could one day be provide an affordable user-friendly system that can be incorporated in a clinical setting.
